Abstract-The DNA code words designing is a multi-criteria combinatorial optimization task. The designed words should be as unique as possible, thermodynamically stable, non-self hybridized, non-cross hybridized with others and have good chemical properties. In this paper, the DNA words designing approach implied concurrent minimizations of four objective functions, H-measure, similarity, hairpin and continuity. The designations is subjected to a predefine range of melting temperature and GC-content. A novel multi-population optimizer, M-VEDEPSO, is employed to design sets of DNA strands. The algorithm runs for 10 times and as a result, each population has lower average fitness values compared to the fitness values obtained using the conventional VEDEPSO algorithm. The results obtained from the algorithm are indicated by 12 randomly selected non-dominated particles/individuals. These solutions are obtained via Pareto dominance concepts.
I.
RESEARCH BACKGROUND DNA code words designing is a process of arranging the four DNA alphabets, letters or codes known as adenine (A), thymine (T), guanine (G) and cytosine (C) within a predefined length. These arrangements are then evaluated using some combinatorial constraints. DNA words designing are well known as a complex multi-criterion constrained optimization task. Thus, many research works had been proposed to solve this complex optimization problem. For instance, exhaustive search [1] , random search [2] , graph method [3] , dynamic programming [4] , template-mapping [5, 6] , theoretical approach [7] [8] [9] [10] , in vitro methods [11] [12] [13] , evolutionary algorithm [14, 15] , genetic algorithm [16] [17] [18] [19] [20] [21] [22] , simulated annealing [23, 24] , taboo search [25] , bee swarm genetic algorithm [26] , artificial fish swarm algorithm [27] , ant colony optimization [28] , particle swarm optimization [29] [30] [31] [32] and hybrid algorithms [33] [34] [35] [36] [37] . In this paper, a hybrid methodology of discrete particle swarm optimizer (PSO) and discrete differential evolution (DE) is practiced for solving the combinational optimization.
II. IMPORTANCES OF DNA LIBRARY DESIGN
Ensembles of DNA alphabets create a unique DNA library which is mainly used for molecular computing, DNA nanostructure design, DNA tagging in chemical libraries and DNA microarray design [38] .
DNA strands are massively parallelism and have an enormous information storage capacity. Unlike the conventional silicon based computations, molecular computing is a highly reliable DNA based computers for solving difficult computations or NP-hard problems. It involves some in vitro laboratory experiments to extract the solutions. Unique DNA dictionaries are used to represent each solution in molecular computing so as to ease the computation procedures. Perfect hybridizations of each DNA strand are required to avoid unnecessary circumstances during in vitro process which could lead to wrong computation results. Hence, it is vital to employ a highly unique DNA library in DNA computing [18] .
Generally in DNA nanostructure design, the DNA sequences created using DNA bases are assembled into huge structures with well-defined criteria such as 2d-crystals, cubes, cages and some common nanomechanical devices. These structures are built in the form of multi-branched complex building blocks, which are designed from partial hybridizations among several DNA strings. The free ends of single stranded DNA also known as 'sticky ends', bind the building blocks to each other. Therefore, the well designed DNA strands enabled more efficient assembles for building huge structures that have specific criteria, like the 2d-crystal [39] .
Several building blocks that are connected to each other via sticky ends are called 'DNA tiles'. The specific tiles are assembled into larger structures through hybridizations among their respective sticky ends. The DNA tiles are used to encode information for self-assembly computations. The accuracy of the self-assembly computations relies highly on the DNA strands applied to design the tiles [40] .
In DNA tagging, the designed DNA code words act as 'molecular barcodes' or tags that helps in identifying and accessing certain elements from chemical libraries. These libraries can store an enormous database of chemical compounds such as the protein sequences. Such DNA encoded chemical libraries enable easier protein identification by indicating specific interactions with a target molecule. This approach is a major procedure in drug designing. Hence, uniquely designed DNA words are used as tags for a more efficient detection and isolation of chemical substances according to perfect hybridizations between their respective complementary strands [41] .
Universal DNA microarrays implement DNA tags that are designed using DNA codes. The DNA tags are applied into specifically designed adaptors. As the universal DNA microarray, these adaptors yield reliable and highly parallel detection of arbitrary genomic sequences. In fact, it is much easier and cheaper to design and synthesize the adaptors rather than to generate a customized DNA microarray. The well designed DNA words can be used as DNA tags in universal microarray system as it reduces the probability for errors due to mis-hybridizations compared with the usage of conventionally designed DNA microarrays [42] .
III. EVALUATION FUNCTIONS
In this paper, four evaluation functions and two constraints were implemented in accordance with several past researches [15, 16, 23, 31, 32, 35] . The evaluation functions are H-measure, similarity, continuity and hairpin whereas the two constraints are melting temperature and GC-content. The four evaluation functions have to be minimized concurrently in order to design high-quality DNA code words. The thermodynamic stabilities of DNA oligonucleotides depend on its melting temperatures and GC-content. These two properties ensure the robustness and reliability of each designed strands.
The formulae for calculations of the four evaluation functions are referred to Shin et al. [15] . The important symbols and notations used in the calculations are described in Table I and Table II respectively.   TABLE I 
Reverse of sequence x:
A. H-measure
H-measure computes all possibilities of hybridizations between two sequences in an anti-parallel direction. It is used for preventing cross-hybridizations among the designed sequences as it may cause some problems during in vitro experiments. The formulae for H-measure computation are as shown in (1) (2) (3) (4) (5) . H dis is a real value within 0 to 1 that referred to the overall complementary number of nucleotides. H con is an integer between 1 and l which is known as the penalty term for the continuous complementary region. The H dis and H con parameters are set as 0.17 and 6 respectively.
B. Similarity Similarity measures the number of identical DNA letters among other sequences in a parallel direction. This measure is important to ensure that the designed strands are different among each other. The similarity calculations are referred to (6) (7) (8) (9) (10) . S dis is a real value within 0 to 1 that referred to the overall complementary number of nucleotides. S con is an integer between 1 and l which is known as the penalty term for the continuous complementary region. The S dis and S con parameters are set as 0.17 and 6 respectively.
C. Continuity Continuity is a count of series of similar alphabets exists in a strand. If a designed sequence has higher continuity values, then it may be unstable and not appropriate to be used for in vitro experiments. The continuity calculations are based on (11) (12) (13) . The threshold parameter, t is the maximum number of repeated DNA molecules in a strand and is set to be 2.
D. Hairpin
Hairpin which is also known as secondary structure is a measure of possibilities of a DNA string to perform self hybridization. The hairpin structures are strictly ought to be avoided in molecular computing because it can disturb the computations and might lead to wrong solutions. Equations (14) (15) (16) are used in the hairpin computations. For the hairpin formation, the pair, p and ring, r variables are initialized as 6.
Hairpin
E. Melting Temperature
Melting temperature, T m is the temperature at which half of a double stranded DNA starts to break into its single stranded form. In this paper, parameters from unified SantaLucia [43] nearest neighbor model are used. The calculation for melting temperature is shown in (17) , where ΔH and ΔS are the enthalpy and entropy changes during annealing reactions. C T and Na + represent DNA strand concentrations and sodium concentrations. The Boltzmann constant, R is 1.987 cal/mol °C. 
F. GC-content
GC-content is the percentage calculation where alphabets C or G occurred in a sequence. The calculation of GC-content is shown in (18) , where X A , X G , X C and X T are the total number of letters A, G, C and T respectively present in a DNA strand. The strands are designed within a constraint of 30% -80%.
GC-content = (X G + X C ) / (X A + X G + X C + X T ) × 100% (18) IV. M-VEDEPSO IN THE DESIGN OF DNA LIBRARY In 2009, a novel optimizer known as vector evaluated differential evolution particle swarm optimization or VEDEPSO is proposed by Grobler and Engelbrecht [44] . It is a combination of vector evaluated particle swarm optimization (VEPSO) and vector evaluated differential evolution (VEDE) algorithms. As in [44] the performance of VEDEPSO algorithm is proven to be better than VEPSO and VEDE. In conventional VEDEPSO, the discrete PSO and DE are applied separately in every specific population. However, the modified VEDEPSO (M-VEDEPSO) algorithm performs both discrete PSO [45] and discrete DE [46] in each population based on a random condition at each iteration. M-VEDEPSO is proposed in [47] and according to it, the modified version performed better optimization compare to the original VEDEPSO. In the implementation of generating a set of DNA strands, the M-VEDEPSO algorithm employed four populations, P 1 , P 2 , P 3 and P 4 . A flow chart in Fig. 1 describes the M-VEDEPSO algorithm. Table III indicates the important PSO and DE parameters used throughout the design process. 
DE
Scaling factor, F 0.5
Crossover coefficient, CR 0.5
Population Initializations
In the M-VEDEPSO, every population P 1 , P 2 , P 3 and P 4 consists of 20 particles/individuals. Overall, each particle and individual has a number of dimensions which is equivalent to the multiplication of number of required sequences with twice the length of each sequence. In this research, 7 DNA oligonucleotides, each with 20-mer length are designed, therefore a total of 280 dimensions are employed in every particle and individual. These dimensions are in random binary integers, 0 and 1 which act as the positions and values for a particle and their initial velocities are set to zero values. The fitness of local best particle, pbest and best individual, as well as the global best particle, gbest and best of each populations are also been initialized.
Particle/Individual Fitness Evaluation
The series of binary integers of every particle and individual are then arranged into twice the length of sequences and assembled into DNA strands. In this algorithm, the binary representations of the four DNA letters are such as "00" for "A", "01" for "C", "10" for "G" and "11" for "T". The fitness values for every particle and individual are computed based on the equations given in Section III. The reason for calculating the fitness values is to enable comparison among other particles and individuals. In order to achieve simultaneous multi-criteria optimizations, each population is assigned to optimize one evaluation function. The minimizing assignments for M-VEDEPSO are shown in Fig. 2 . In a population, the fitness, f, is the average values of minimized evaluation function of every DNA strings in a particle/individual. It is calculated using an aggregated or weighted sum method as shown in (19) (20) (21) (22) . The particle/individual with lower fitness value in a population is accepted as the best global solution of its population.
Particle/Individual (Fitness)
where f H-measure , f similarity , f continuity and f hairpin are the computed evaluation function values for each DNA strings in a respective particle and individual, x as the number of particles/individuals and N is the number of designed strands. w are weights for each f and are fixed as 1.
Selection of best Particle/Individual
The best individuals and gbest particles from all four populations are chosen based on the individuals' and particles' lowest fitness values. The best individual and gbest with minimum fitness values are to be chosen in each population and is called best particle/individual. Randomly, the information of best particle/individual is been used by its own population and also been transferred to the other three populations to ensure an efficient search towards global optima in all four populations. Moreover, their information is used to update velocities, positions and mutate new offspring individuals. The information migration of best particles and individuals from the four populations for M-VEDEPSO algorithm is depicted in Fig. 3 . 
Update New Velocity, Position and Offspring
In M-VEDEPSO, for every populations, P 1 , P 2 , P 3 and P 4 , if the conditions, r 1 ≤ CR or j=j rand , are satisfied the DE formulations as in (23) (24) (25) are applied to update the new offspring individual, otherwise the PSO equations stated in (26) , (28) and (29) are implemented to update the velocity and position of a particle.
where, X ij k + 1 is the mutated individual as well as the position of jth dimension of the ith particle/individual at kth iteration respectively. Y ij k + 1 and V ij k + 1 are the new offspring individual and velocity of jth dimension of the ith particle/individual. The mutations of each individual occur based on a condition that the parent individuals, i ≠ i1 ≠ i2. F is a scaling factor and CR is the crossover constant. j rand is a randomly chosen integer within [1, D] where D is the total number of dimensions in an individual. r 1 , r 2 , r 3 , r 4 and r 5 are random numbers between the interval [0, 1]. c 1 , c 2 are the acceleration coefficients. The inertia weight, ω decreases linearly between maximum inertia weight, ω max and minimum inertia weight, ω min using (27) . Current iteration and maximum number of iterations are represented by k and k max respectively. S(.) is a sigmoid function. The discrete search space implies a velocity limitations, V min and V max within a range of |-0.5, 0.5| for exploitations that directs the searching within feasible area.
Store Non-dominated Paritcle/Individual
The algorithm continues searching for the best individual, pbest, gbest and best in all four populations until the maximum number of 1000 iterations is reached. The fitness values of best individual, pbest, gbest and best particles/individuals in every population are recorded. Finally, using the stored data, a set of non-dominated particles/individuals are produced based on Pareto dominance concept. This concept mentioned that a solution u x dominated another solution v x if and only if f(u x ) ≤ f(v x ) for all x-objectives or f(u x ) < f(v x ) for at least one objective. Strictly, in the Pareto optimal solutions there should not have any other solution u x ' that has f(u x ' ) ≤ f(u x ) [48] . All particles and individuals that satisfy these conditions are then selected as the non-dominated solutions.
V. RESULTS AND DISCUSSIONS
The algorithm is developed using Microsoft Visual Basic 2008. A set of 7 DNA sequences of 20-mer length is designed by adopting 20 particles/individuals in all four populations. Each designed DNA strands are limited within 30 -80 °C and have 30 -80 % of GC-content. After 10 runs of each with 1000 iterations, the average fitness values attained by all populations for the M-VEDEPSO algorithm are observed. Table IV indicates a comparison of average fitness values obtained from M-VEDEPSO and VEDEPSO [47] algorithms. Based on the results obtained, it shows that the M-VEDEPSO achieved much lower fitness values in all populations compare to the VEDEPSO. In this modified version, both PSO and DE are applied together in a population depending on random conditions generated at every iteration. This hybridizing strategy has upgraded the potential of the algorithm as a better combinatorial optimizer than the VEDEPSO. Furthermore, the discrete search spaces allow the two searching agents, PSO and DE to have better explorations in the aim of obtaining their global solutions. Hence with all these benefits, it has successfully generated DNA libraries via simultaneous fitness minimization of all four evaluation functions. A randomly selected 12 non-dominated particles/individuals for the M-VEDEPSO to display the designed DNA libraries are listed in Table V . 
VI. CONCLUSIONS
The M-VEDEPSO algorithm has successfully optimized all four evaluation functions concurrently. The DNA libraries generated via M-VEDEPSO optimizer has lower average fitness values in every population in contrast to VEDEPSO algorithm. In addition, the implemented algorithm is a very powerful optimizer with unique optimizing technique, and hence it can be used to solve many more complex combinatorial tasks.
